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The effects of land use and land cover (LULC) dynamics on landslide 
susceptibility is not fully understood. This study evaluates the influence of LULC on 
landslide susceptibility and assesses the historic and future LULC changes in a high 
mountain region. 
A detailed inventory map showing the distribution of landslides was prepared 
based on the 2013 episode in Val d’Aran, Pyrenees (Spain). This inventory showed 
that LULC clearly affected landslide susceptibility. Both the number of landslides and 
the landslide density triggered in grassland and meadow was highest (52% and 2.0 
landslides/km
2
). In contrast, the landslide density in areas covered by forest and 
shrubs was much lower (15% and 0.4 landslides/km
2




Historical changes of LULC between 1946 and 2013 were determined by 
comparing aerial photographs. The results indicated that the forest and shrub areas 
increased by 68 and 65%, respectively; whereas grassland and scree areas decreased 
by 33 and 52%. Urban area also increased by 532%, especially between 1990 and 
2001. Future LULC was predicted until 2097 using TerrSet software. The results 
showed that the forest area and urban area increased by 57 and 43%, severally; while 
shrubs, grassland and scree area decreased by 28, 46 and 78%, respectively. 
Heuristic and deterministic models were applied to create susceptibility maps, 
which classified the study area into four susceptibility degrees from very low to high. 
The maps were validated by the 2013 landslide dataset and showed satisfactory results 
using receiver operating characteristics curves and density graph method. Then, 
susceptibility maps until 2097 were calculated by the heuristic model and results 
















In contrast, the areas of very-low susceptibility degree will increase 95%, while 
medium and low-susceptible areas will be more or less constant. 
This study only includes the effect of future LULC changes on the landslide 
susceptibility and does not analyze the future impacts of climate changes and the 
variation of rainfall conditions. Nevertheless, the results may be used as support for 
land management guidelines to reduce the risk of slope instabilities. 
 
















1. Introduction  
Landslides are important geomorphologic processes on most natural slopes, and 
contribute strongly to the sediment flux in mountainous terrain (Hovius et al. 1997). 
Herein, we mostly focus on rainfall-induced landslides including shallow slope 
failures and hillslope debris flows (Hungr et al. 2014). They constitute an essential 
hazard for both land degradation and infrastructure or buildings, sometimes even 
killing residents of the affected area. 
Landslide susceptibility can be defined in various ways. A common definition is 
the probability of a slope failure based on the spatial distribution of previous slope 
failures and the effects of local terrain conditions on this distribution (Guzzetti et al. 
2005; Fell et al. 2008). It reflects the degree to which a given terrain unit is likely to 
be affected by future slope movements (Guzzetti et al. 2006; Günther et al. 2013). 
Many research methods have been developed to evaluate landslide susceptibility at 
different scales, including statistical methods, heuristic approaches, mapping with a 
geographic information system, and physical models (Chen et al. 2016; Reichenbach 
et al. 2018). 
Vegetation is widely accepted to stabilize slopes against landslides. Therefore, 
obtaining information about land use and land cover dynamics is outmost importance, 
and that dynamics must be taken into account to mitigate the hazard of slope mass-
wasting. Hereafter, we will use land use and land cover (LULC) to describe both 
anthropogenic land uses and natural or semi-natural vegetation cover. Glade (2003) 
described a case study in New Zealand, where human action obviously changed the 
land use and adverse changes in land use played an important role in the occurrence of 
landslides. This and other studies (e.g. Goetz et al. 2015) support the idea that 
















northern Italian Apennines, Persichillo et al. (2017) found that abandonment of 
cultivated land augmented the susceptibility to landslides. In addition, other 
researchers (Jakob 2000; Beguería 2006; Rickli and Graf 2009; Chen and Huang 
2013) have analyzed the effects of natural vegetation recovery and found that the 
presence of vegetation decreased the occurrence of shallow landslides with forests 
having a particularly significant effect because of their deeper roots. Finally, to 
quantify the relationship between slope failures and forest cover, Schmaltz et al. 
(2017) used long-term landslide inventories to develop an empirical relationship with 
forest cover in Austria. All these investigations suggest that the vegetation cover 
creates an important stabilizing effect against landslides and that forested areas are 
less prone to slope failure than other vegetation types. 
The effect of plant roots on slope stability has also been investigated from a 
geotechnical perspective (Cano et al. 2002; Genet et al. 2008; Mao et al. 2014; Liu et 
al. 2016). The Wu model (Wu et al., 1979) and the fiber-bundle model (Kun et al., 
2006) were developed to quantify the reinforcement of slope stability by vegetation 
(Schwarz et al. 2010). Researchers have used physical models to demonstrate that 
land use changes at a regional scale affect the spatial and temporal probability of 
slope stability (Vanacker et al. 2003; Van Beek and Van Asch 2004; Reichenbach et 
al. 2014). Mugagga et al. (2012) analyzed deforestation and cultivation of steep slopes 
on Mount Elgon (Uganda) and confirmed the stabilizing effect of tree roots. These 
authors showed that slope stability strongly depends on LULC changes, but they did 
not attempt to predict the effects of future land use changes. 
A number of methods have been developed to determine the dependence of 
future LULC changes on biotic drivers, such as species dispersion and plant diversity, 
















statistical methods (e.g. binomial regression) or machine learning (e.g. neural 
networks) to observational datasets that include a range of LULC categories (Stefanov 
et al. 2001;  Aitkenhead and Aalders 2009; Ralha et al. 2013; Hyandye 2015; Ali 
Khawaldah 2016; Patil et al. 2017). The analyses often allow users to incorporate 
spatial information about protected areas, road networks, and other land use categories 
into the analysis (Jiang et al. 2015; Yirsaw et al. 2017; Chen et al. 2018). The 
resulting LULC models can then be employed to predict near-term and mid-term 
changes. That, in turn, helps landscape managers and researchers to guide their 
decisions based on simulated scenarios, and to evaluate the consequences of their 
decisions. The algorithms and decision rules behind these methods are available in a 
number of commercial and free software packages (Mas et al. 2014) .  
The main goal of this study is to improve our understanding of the relationship 
between historic and future LULC changes and landslide susceptibility. Secondary 
objectives include: i) the analysis of the landslides triggered during the 2013 episode 
in the Val d’Aran (Pyrenees), and ii) the assessment of LULC evolution between 1946 
and 2097. In addition, the results provide scientific support for future land-use 
planning and landslide prevention in a high mountain region affected by LULC 
changes. The paper is structured as follows: First, the 2013 landslide inventory was 
analyzed and the governing factors of the slope failures determined. Then, past 
change and predicted LULC were assessed. Finally, different models were applied to 


















2. Study area  
2.1. Geologic, morphologic, and climatic settings   
Our research was conducted in the Val d’Aran administrative region, which is 
located in the Spanish part of the Central Pyrenees (Fig. 1a). Its capital (Vielha) has a 
population of about 5000 inhabitants, whereas the region’s total population is about 
10000 inhabitants. The study area covers 336 km
2
 and is a typical high mountain 
valley of glacial origin. The elevations range from about 1000 m asl at the valley floor 
(the location of Vielha) to almost 2750 m asl at the highest surrounding peaks. The 
Garonne River drains most of the region through France, where it flows into the 
Atlantic Ocean.  
 
Figure 1  
 
The study area is situated in the Axial zone of the Pyrenees. The Pyrenees 
started their uplift about 40 million years ago, and are constituted by materials from 
the Ordovician period to the Devonian period, with Tardi-Hercynian intrusions 
(Muñoz, 1992). The set of folds and thrusts is aligned from ESE to WNW, in a similar 
direction to the general orientation of the Pyrenees.  
The bedrock mainly comprises Paleozoic rock, folded during the Hercinian 
orogeny, and intrusions of tardohercinian plutonic rocks. The exhumation of these 
materials by orogeny of the Pyrenees was followed by fluvial and glacial erosion. 
There are three main geological units in the study area (Fontboté, 1991): i) the 
















quaternary superficial formations, that mostly consist of colluvium and glacial 
deposits. 
Glaciation has strongly affected the study area’s present geomorphology, 
especially the last glaciations during the Upper Pleistocene (e.g., Bordonau 1992; 
Pallàs et al. 2006). During the last glacial maximum in the Pyrenees, ice covered 
much of the Val d’Aran, with a thickness estimated up to 1000 m. Other signs of 
glacial remodeling of the landscape include the U-shaped forms of some valleys and 
the presence of moraine sediments deposited by glaciers. As a consequence of the 
glacial dynamics and the posterior incision of the fluvial network, there are many 
steep slopes susceptible to landslides, snow avalanches and other mass-wasting 
processes. 
The study area’s climate is dominated by two factors: the prevailing west winds 
from the Atlantic Ocean, and the orographic effects of the Pyrenees. The average 
annual precipitation ranges from about 900 mm in the valley floor to 1200 mm on the 
highest peaks. The mean annual temperature is between 5 and 9 °C in the study area, 
(CAC, 2004). Precipitation that has historically triggered landslides is associated with 
two main rainfall patterns: prolonged rainfall episodes in the autumn or spring, and 
convective rainstorms in summer. In winter, precipitation is mostly snowfall, which 
can contribute to landslide triggering conditions when melting.  
 Several episodes of high landslide activity have affected the study area along 
the 20
th
 century. The most relevant ones are also associated to flood events: October 
1907, August 1963, and September/November 1982 (Hürlimann et al. 2003; 
















2.2. Land use and land cover 
The present LULC in the study area is shown in Figure 2a by the 
orthophotograph of 2013, which is published by the Cartographic and Geological 
Institute of Catalonia (ICGC, http://www.icc.cat/vissir3). The official inventory (Land 
Cover Map of Catalonia) published by the Ecological and Forestry Applications 
Research Center (CREAF, http://www.creaf.cat/) was used to assess and quantify 
LULC in the study area. The original Land Cover Map of 2013 was reclassified into 
five general LULC categories: i) forest, ii) shrubs, iii) grassland and meadow, iv) 
scree, and v) others (Fig. 2b). The reclassified LULC map was compared with the 
slope orientation and a strong relation was detected, especially for forest category (Fig. 
2c). In contrast to the two categories shrubs and grassland and meadow, which are 
more abundant on south-facing slopes, the forest category is more common on north-
facing slopes. These results are supported by other studies that revealed a strong 
influence of solar radiation on differences in ecosystem communities and soil 
development (Veblen and Donnegan, 2005; Birkeland et al. 2003; McGuire et al. 




3. The 2013 landslide episode 
3.1. Causes and landslide types 
An important landslide event occurred in the Central Pyrenees after a heavy 
rainfall episode in the 17
th
 and the 18
th
 of June 2013. This event also caused 
















2013), and the total economic losses were estimated to more than 100 million euros 
(Victoriano et al. 2016). 
The flooding and landsliding events were caused by the combination of two 
exceptional factors: i) extreme rainfall (124.7 mm in 48 h, of which 101.2 mm fell on 
the 18
th
 June) and ii) high meltwater volumes after an unusually heavy snowfall 
during the winter (Fig. 3). The meteorological station at Bonaigua (2266 m asl) (IGC, 
2013) recorded the largest snowfall since observation started in 1997. Even in early 
June 2013, a snowpack of more than 300 cm was measured at the station. As a 
consequence, on the 18
th
 of June a peak discharge of 300 m
3
/s was estimated at the 
Garonne river at Bossost village (CHE, 2013), which represents the highest value in 




A landslide inventory was created based on different data available: a) 
photographs taken during emergency helicopter flights just after the event and b) sets 
of aerial photographs taken by the ICGC on 22
nd




 of July 2013. 
All these photographs have a resolution of 25 cm per pixel and they were compared 
with aerial photographs taken during 2012. Finally, we performed field surveys to 
validate the inventory. 
The slope failures observed in the 2013 episode can be divided into three types 
considering the updated Varnes classification (Hungr et al. 2014): i) small and 
shallow planar slides, which mostly involved uppermost soil layer (Fig. 4a), ii) large 
slope failures (translational as well as rotational slides), which include thicker soil 
















(also called hill-slope debris flows), which formed a narrow path down the slope until 
the debris spread out at the bottom of the slope (Fig. 4c, 4d; Pinyol et al. 2017).  
 
Figure 4  
 
3.2. Analysis of the landslide inventory 
High-quality landslide inventories are important to calibrate and validate models 
of landslide susceptibility and to evaluate the performance of physical slope stability 
models (Brardinoni and Church 2004; van den Eeckhaut et al. 2010; Petschko et al. 
2016 ). The resulting inventory for the Val d’Aran 2013 episode consists of 393 
events within the study area (Fig. 5). All data were integrated into Quantum GIS 
(https://qgis.org, v.2.18.25) together with attributes such as geomorphological 
characteristics or landslide type. 
 
Figure 5  
 
A 2-m resolution DEM was used to analyze the relationship between the 
geomorphological governing factors and landslide occurrence. The slope angle, aspect 
degree and curvature were extracted from the DEM by applying the terrain analysis 
tools of QGIS software. In addition, the elevation was determined by conducting the 
identify feature tools. After a preliminary analysis, four of them were selected as 
governing factors due to their relevance on the slope failure analysis: elevation, slope 
angle, orientation (aspect degree), and plan curvature. We divided the 
geomorphological governing factors into different intervals based on their current 
















landslide density was computed by dividing the number of landslides by the total 
landslide area in each interval (Fig. 6). 
 
Figure 6  
 
Landslides were mainly distributed between 1600 m and 2200 m asl, with the 
greatest frequency between 2000 m and 2100 m (Fig. 6a). The landslide density was 
highest for elevations ranging between 1700 and 2100 m, especially in the range from 
1700 and 1800 m as well as from 2000 and 2100 m.  
For the slope angle, landslides mainly occurred at slope angles between 25° and 
45°, which accounted for 81% of the total landslides (Fig. 6b). The landslide density 
gradually increased with higher slopes and reaches the maximum at 35° ~ 40°.  
Regarding the aspect degree, landslides were mainly initiated on south-facing 
slopes with the maximum on southwest-facing slopes (Fig. 6c). In contrast, there were 
relatively few landslides distributed on north-facing slopes. This difference of 
landslide density at opposite slopes can be associated with the corresponding land use 
and land cover and was commented in the previous section and in other studies (e.g. 
McGuire et al. 2016).  
In terms of curvature, the number of landslides was greatest for negative or 
near-zero curvature (Fig. 6d). The density decreased continuously with curvature 
increasing from negative (convex) to positive (concave). This suggests that landslides 
were concentrated in concave slopes. It could be explained by the fact that concave 
areas retain moisture better than convex areas and as a result, an increase on soil 
















Regarding geological factors like lithology or the distance to a fault, the 
inventory revealed an insignificant influence of these factors on the landslide 
initiation. In contrast, there was a strong relation between LULC and slope failures. 
The most important LULC categories affected by the 2013 episode were forest, shrubs, 
grassland and meadow, and scree (Fig. 7). The number of landslides was highest for 
grassland and meadow, which accounted for 52% of the total number. Shrubs and 
forest represented 15 and 23%, respectively, and scree corresponds to the remaining 
10%. Since the proportions of the total area were greatest for grassland and forest, at 
32 and 43%, the landslide density was highest for the grassland. These results 
illustrated that the LULC strongly affected the spatial distribution of landslides. 
 
Figure 7  
 
4. Methods 
4.1. Analysis of LULC changes  
4.1.1. Historical evolution 
Online available aerial orthophotographs of the study area from 1946, 1956, 
1990, 2001, and 2013 were analyzed (http://www.icc.cat/vissir3). While images 
before 1990 were available only in black-and-white, subsequent images were in color. 
The different LULC-categories were visually delineated from each year’s images, by 
applying standard methods to detect and quantify differences in color, object, area, 
and other attributes (Singh 1989; Persichillo et al. 2017). We specially used the color 
information of the orthophotographs for the differentiation between the LULC 
categories only focusing on areas larger than 0.2 km
2
















changes between the five available images were defined. The final categories were 
divided into forest, shrubs, grassland and meadow, urban areas, and scree. Urban land 
was excluded from our analysis because we detected no landslides originated in urban 
areas. In order to confirm our visual interpretations and to determine the accuracy of 
our visual interpretation, the data of the official pan-European inventory CORINE 
(https://land.copernicus.eu/pan-european/corine-land-cover, version 1990) were used. 
4.1.2. LULC prediction  
The results of the historical analysis were used to perform a predictive analysis 
of future changes on LULC. The classified images from the period 1990-2013, in 
raster format, were used as inputs of the Land Change Modeler (LCM) software, 
which is part of the IDRISI TerrSet software suite (Eastman 2015). A key step in such 
analysis is the selection of the predictor variables, on which the observed changes 
may depend. For the present study, we chose a set of predictor variables that previous 
work (Molowny-Horas et al. 2015) had shown to be substantial drivers of land use 




Selected predictor variables were divided into three categories:  
a) Climatic. We used the following climatic variables in raster format (original pixel 
size: 200 m × 200 m) calculated by Ninyerola et al (2005): total annual 
precipitation, mean annual temperature, mean minimum and maximum 
temperatures and mean annual solar radiation. 
b) Topographic: We used the European Digital Elevation Model (EU-DEM v1.1, 
















pixel size: 25 m × 25 m). We used the EU-DEM instead of the aforementioned 
2x2m DEM because the original pixel size of the former was much closer to the 
pixel size in the LULC maps.  Aspect and slope were calculated using the 
“terrain” function of the “raster” R package (Hijmans 2017). The curvature was 
computed by implementing the method proposed by Evans (1980) in the R 
software (R project website https://www.r-project.org/). 
c) Landscape: closest distance to rivers, roads and urban centres were calculated 
from the 2001 LULC maps with the function “distance” of the raster R package 
(Hijmans 2017). Assuming that the expansion of urban area and, especially, of 
road infrastructures in this alpine area takes place at a low rate, relative to changes 
in other land covers, we assumed these three variables could be kept constant 
throughout the calculations.  
All variables were projected using a common reference system, and were 
resampled to an identical pixel size (30 m × 30 m) and cropped to have the same 
spatial extent in the study area. 
4.2. Susceptibility models applied 
     Heuristic and deterministic models were applied to calculate the landslide 
susceptibility. For both cases, results were reclassified into four different 
susceptibility classes (very low, low, medium, high).  
4.2.1. Heuristic method (HM)  
The advantage of heuristic methods are the simplicity and easy application (Fell 
et al. 2008). Herein, a two-parameter method is used including slope angle and LULC. 
















the most important governing factors to define landslide susceptibility (Fig. 6). In 
addition, there is an important effect of the land use and land cover type (Fig. 7).  
A simple susceptibility matrix was defined based on the combinations of LULC 
and slope angle (Fig. 8). LULC categories include forest, shrub, grassland and 
meadow (called “grass” in the matrix), scree, and other (urban area or water bodies), 
while the slope angle classes are:  <10°, 10 to 20°, 20 to 30°, and >30°. The matrix 
evaluates each pixel in the study area and assigns to it one of four possible 
susceptibility classes.   
 
Figure 8  
 
4.2.2. Deterministic model: infinite-slope method (DM) 
To quantify the slope stability, a deterministic infinite-slope stability model was 
adopted. We used a simple model proposed by Vanacker et al. (2003), which 
calculates the slope stability based on the conventional limit-equilibrium method, 
represented as a factor of safety (FS). The FS represents the ratio of the available 
shear strength (τf) to the shear stress (τ). According to the Mohr-Coulomb failure 
criterion (Bromhead 1992), the available shear strength  of a slope can be defined as: 
            
              
                      (1) 
where c′ represents the soil cohesion, Δc represents the root cohesion, σ represents the 
total normal stress, μ represents the pore water pressure, and ϕ′ represents the angle of 
soil internal friction (Selby 1993). The shear stress can be expressed as: 
                                                   (2) 
where γt represents the total unit weight of the sliding material (kN/m
3
), z represents 
















By combining equations 1 and 2, FS can be represented as: 
   
                   
   
                    
                       (3) 
where γw represents the unit weight of water, and m represents the normalized height 
of the water table above the failure surface. These parameters were obtained from the 
research literature (Vanacker et al. 2003; Bathurst et al. 2006; Hürlimann et al. 2010; 
GITS-UPC 2010; Liu et al. 2011; Bregoli et al. 2015), and the specific values for each 
LULC categories are shown in Table 2. There are uncertainties in the values, but we 
selected average values that are common in such regional stability calculations. The 




4.2.3. Validation of the landslide susceptibility models 
To validate the results of the heuristic and deterministic methods and to choose 
the optimal methodology, the density method (this method has been described in the 
section 3.2) and the receiver operating characteristic (ROC) curve were used 
(Beguería 2006; Vakhshoori and Zare 2016). 
In the density method, the number of landslides, the area of each susceptibility 
class, and the landslide density were compared for the two susceptibility methods. 
The values of landslide density should increase from very low to high classes with an 
increasing susceptibility (Pradhan and Lee, 2010). 
The ROC method consists in obtaining success curves of each of the 
susceptibility classes. The ROC curve compares the “true positive rate” with the 
“false positive rate” (Fawcett, 2006). The advantage of the ROC method is that it 
















5. Results and discussion 
5.1. Analysis of LULC changes  
5.1.1. Historical evolution  
The analysis of the historical evolution on LULC changes based on the 
orthophotograph for selected ortho-images showed important changes in the study 
period between 1946 and 2013 (Fig. 9). A qualitative comparison gives an idea that 
the forest and urban area experienced important changes between 1946 and 2013, but 
especially between 1956 and 1990. 
 
Figure 9  
 
Figure 10 shows the observed LULC changes from 1946 to 2013 in a 
quantitative way, and also includes the predicted values until 2097. The total forest 
area increased constantly during the study period (Fig. 10a) by 68%. The area of 
shrubs also increased by 65%. The water bodies increased especially from 1956 to 
1990 because of the construction of water reservoir. The urban area increased steadily 
until 1990, then the change accelerated. From 1946 to 2013 the total urban area 
increased by 532%. In contrast, the grassland and meadow area and the scree area 
decreased gradually from 1946 to 2013.  
All these trends are supported by previous studies carried out in the Pyrenees 
and other nearby mountainous areas: the population decrease and agriculture land 
abandonment that occurred during the 20
th
 century, after reaching a population peak 
in the 18
th
 century, resulted in the development of shrub and forest ecosystems 
















Beguería 2006). In addition, the increasing temperature may have facilitated the 
expansion of forest and shrub into higher elevation (Fisichelli et al. 2014; Kerns et al. 




To validate the results of the orthophotograph interpretation, we compared our 
1990 cartography with the official 1990 CORINE survey results 
(https://land.copernicus.eu/pan-european/corine-land-cover). The comparison showed 
that there are only small differences in most of the LULC categories (Fig. 11). The 
CORINE areas of forest and scree were slightly larger (by 2.8 and 1.1 km
2
, 
respectively) than the present results. In contrast, the CORINE areas of shrubs, 
grassland and meadow, urban area, and water bodies were smaller than the present 
results (by 4.0, 0.4, 0.3, and 0.2 km
2
, respectively). The largest of these differences 
(for shrubs) represents <1.2% of the 336-km
2
 study area, and the other dissimilarities 
were even smaller (0.1 to 0.8%), suggesting that our delineation of the historic LULC 
was acceptably accurate. 
  
 
Figure 11  
 
The earliest orthophotographs were black and white images, so it was difficult 
to distinguish some of the land uses during the visual interpretation process. 
Especially at the borders between land uses such as forest and shrubs, the colors of 
images and visual texture were similar, making them difficult to distinguish visually. 
















datasets may also be due to the fact that, because of its low resolution of 100 m × 100 
m, the CORINE survey failed to include small natural bodies of water and scattered 
urban areas. In addition, the water reservoirs were not identified in the official 
inventory. Therefore, the water bodies and urban areas in the CORINE survey were 
less than those we calculated from the orthophotographs.  
5.1.2. Future prediction 
The future LULC situation was predicted from 2025 to 2097 based on IDRISI 
TerrSet simulation model (Fig. 10b). The total forest area continued to increase 
steadily throughout the simulation period. The forest area increased by 57% from 
2013 to 2097, although that increment slowed over time. The shrub area decreased by 
28%, showing its accelerated decrease towards the end of the prediction period. The 
area corresponding to the water bodies category remained unchanged. The predicted 
urban area continued to increase, and the rate of increase was 43%; but the growth 
gradually decreased after 2025, and especially after 2049. Both the grassland and 
meadow area, as well as the scree area, decreased steadily between 2013 and 2097 at a 
rate of 46% and 78%, respectively. The magnitude of the predicted decrease in 
grassland and meadow area was larger than the observed historical change. The 
decrease of the scree area matched the change in grassland and meadow area, and its 
rate of decline was greater than the historical rate, except for the more rapid decrease 
from 2001 to 2013.  
5.2. Implications of LULC changes on landslide susceptibility zonation 
5.2.1. Validation of the landslide susceptibility models 
First, a qualitative validation using “landslide density” value for each 
















susceptibility for both simulation methods. The rate of increase was larger for the 
deterministic method than for the heuristic method and the landslide density at high 
susceptibility class was at maximum for the deterministic method. However, the trend 
of the HM density curve is visually better than the one of DM (see low and very low 
susceptibility class). 
Figure 12b shows the validation results for landslide susceptibility using the 
ROC analysis for the heuristic and deterministic methods. In the heuristic method, the 
AUC was 0.72, versus 0.75 for the deterministic method. These results suggest that 
there was little difference between the two methods in their ability to predict landslide 
susceptibility. Given that, since the heuristic method is much easier to apply and faster 
to calculate the susceptibility map, the results of heuristic method were used as a final 
result for landslide susceptibility. 
 
Figure 12  
5.2.2. Future changes in landslide susceptibility maps 
The heuristic method (based on susceptibility matrix described in Figure 8) was 
used to produce maps of future landslide susceptibility. These maps incorporate 
temporal evolution of LULC, while slope angle is assumed to be constant over time.  
Fig. 13 compares the maps obtained using HM from historic (1946), present (2013) 
and future (2025 and 2097) LULC conditions. In general, the susceptibility maps 
confirm well-known aspects like that the relatively low elevation had very low 
susceptibility, whereas areas of low, medium and high susceptibility were mainly 
distributed on the slopes at high elevations, especially for the predicted future high-
















 Figure 14 shows the areas of different susceptibility classes calculated for all the 
resulting maps. The percentage of the area with low susceptibility was gradually 
increasing between 1946 and 2013, but its proportion remained roughly constant 
(27%) after 2025. The area of very low and medium class was always enlarged, 
whereas the area with high susceptibility was reduced. This may be because the scree 
area, grassland and meadow area have rapidly decreased by 89% and 64% since 1946, 
while the forest area has been increasing by 163% from 1946 to 2097. Beguería 
(2006) found that old forests can strongly increase slope stability, but young forests 
need a long time to produce effective slope protection. In addition, due to the low 
slope and high forest cover in the southeastern corner of the study area, the proportion 
of very low susceptibility was greatly augmented between 1946 and 2097. These 






The LULC changes in our study area predict a decrease of landslides occurrence, 
which agrees with previous researches on this topic (Blijenberg 1998; Glade 2003; 
Beguería 2006; Imaizumi et al., 2010; Persichillo et al. 2017) ). A large area of land 
with low vegetation cover or shallow-rooted vegetation will evolve into grassland or 
forest (Reichenbach et al. 2014; Persichillo et al. 2017).  
Here, only spatial probability of landsliding is investigated, thus rainfall under 
future climate changes are not considered. Moreover, previous research suggests that 
















rainfall in our study area during the 20th century (García-Ruiz et al. 2001). The June 
2013 episode is classified as exceptional, especially because it combined heavy 
rainfall and important snowmelt (Victoriano et al. 2016). Beniston (2003) presented 
mountains areas as “sentinels of climate changes” because the respond more promptly 
and effectively than other geographical environments to climate changes. Moreover, 
climate models showed that global warming will increase the frequency and intensity 
of severe rainfall events in the future, and it may produce more shallow slope failures 
(Gariano and Guzzetti 2016; Alvioli et al. 2018). Therefore, it is in regions like the 
one we have analyzed in the present study where the impact brought about by global 
warming will be easier to notice. 
6. Conclusions 
The effects of land use and land cover (LULC) dynamics on landslide 
susceptibility is of great importance not only for research purpose, but also for 
practical applications. We examined the interactions between land use change and 
landslide susceptibility over a time span of 150 years (from 1946 to 2097) in Val 
d’Aran, Pyrenees (Spain).  
The analysis of the slope failures triggered in the 2013 episode highlighted that 
LULC has an important effect on the spatial occurrence of landslides. Both the 
number of landslides and the landslide density triggered in grassland and meadow was 
highest (52% and 2.0 landslides/km
2
). In contrast, the landslide density in areas 
covered by forest and shrubs was much lower. The proportion of the number of 





, respectively.  
Historical changes of LULC were determined in a first task by the digitalization 
















1990, 2001 and 2013. The results revealed on one side that the areas of grassland and 
scree decreased by 33 and 52%, respectively. On the other side, the LULC evolution 
showed an important increase of forest (+68%) and shrubs area (+65%). Urban area 
increased by 532%, especially between 1990 and 2001. The future LULC was 
predicted until 2097 using TerrSet software. The results showed that the forested area 
and the urban area will increase by 57 and 43%, while the shrubs, grassland and scree 
will decrease by 28, 46 and 78%, respectively. 
The heuristic and deterministic methods were applied to calculate the landslide 
susceptibility, which was divided into four landslide susceptibility classes (very low, 
low, medium and high). Moreover, the landslide susceptibility zonation obtained from 
heuristic method was first successfully validated with the 2013 landslide dataset by 
applying the receiver operating characteristics curves and the density graph method. 
Then, this method was applied to delineate the historic and future susceptibility maps 
using the observed and predicted LULC changes between 1946 and 2097. The results 
show that the high-susceptible areas of the map that was calculated for the predicted 
LULC of 2097, will decrease by 48%. In contrast, the areas of medium- and very-low 
susceptibility will increase by 7 and 95%, respectively, and the area of low 
susceptibility will be constant.     
This study shows that the overall susceptibility conditions may improve in the 
future. However, it does not incorporate the future impacts of climate change and the 
variation of rainfall conditions. Such changes in the triggering rainfalls certainly 
affect future landslide occurrence and will be subject of forthcoming investigations. 
Nevertheless, the results of this study help to better understand the general trend of 
landslide susceptibility in the future and provide information for an adequate land 
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Figure 1. a) Location of the study area within the Pyrenees. b) Shaded relief map of 
the Val d’Aran area, based on the 2 m x 2 m digital elevation model. The study 
area is indicated by the red rectangle. 
Figure 2. Present LULC in the study area (delimited by the red rectangle). a) 
orthophotograph, b) Reclassified LULC map, and c) distribution of the main 
LULC classes versus the slope orientation. 
Figure 3. Meteorological conditions previous and during the 2013 landslide episode. a) 
Hourly precipitation measured at the Vielha-Mijaran weather station. b) 
Evolution of snow height measured at the Bonaigua weather station during 
winter 2012/13 and comparison with long term values of the average and 
deviations. 
Figure 4. Photographs of the different landslide types that occurred during the 2013 
episode: (a) small shallow landslides, (b) large slope failures, and (c, d) hill-slope 
debris flows. 
Figure 5.   Study area with landslide locations (background is slope map with hill-
shading). 
Figure 6. Influence of the morphological governing factors on the landslide 
occurrence: (a) elevation, (b) slope angle, (c) aspect degree, and (d) plan 
curvature (with negative values representing convexity and positive values 
representing concavity). 
Figure 7. Effect of land use and land cover on the landslide susceptibility. 
Figure 8. Landslide susceptibility matrix used in the heuristic approach based on the 
















Figure 9. Historical evolution of land use and land cover in the study area. 
Comparison of orthophotographs from (a) 1946, (b) 1990, (c) 2001, and (d) 2013.  
Figure 10. Historic and future changes in LULC in the study area: a) observed 
changes between 1946 and 2013 based on visual interpretation of historical 
orthophotographs; b) predicted changes between 2025 and 2097 based on the 
IDRISI TerrSet software. Note that the y-axis scales greatly differ in the plots.  
Figure 11. Validation of the historica land use and land cover changes by comparing 
of our cartography with the official CORINE inventory of 1990. 
Figure 12. Comparison and validation of the susceptibility maps obtained by heuristic 
(HM) and deterministic (DM) approaches. a) Comparison of the number of 
landslides, and density between the two models for the four susceptibility classes. 
b) Results of the receiver operating characteristics analysis comparing the 
performance of the two susceptibility approaches. 
Figure 13. Landslide susceptibility maps (heuristic method) showing the 
consequences of LULC changes. Historical susceptibility in (a) 1946 and (b) 
present conditions. Predicted future susceptibility in (c) 2049 and (d) 2097. 
Figure 14. Evolution of susceptibility over time. Percentage of each susceptibility 

















Table 1. Predictor variables (calculated as explained in the text) used for the 
predictive model of LULC changes. Ranges of values for the variables are given for 
the study area. Mean values for climatic variables correspond to annual averages. 
Variable types are coded as C (climatic), T (topographic), and L (landscape). 
Variable name T
ype 
Units Range (min, max) 
Mean temperature C ºC ×10 21, 92 
Mean minimum 
temp. 
C ºC ×10 -40, 36 
Mean maximum 
temp. 
C ºC ×10 77, 148 
Total 
precipitation 
C mm ×10 6898, 12520 





Elevation T m 906, 2464 
Slope T Radians 0.08, 0.79 
Curvature T Arbitrary -0.005, 0.005 
Aspect T Radians 0.11, 6.18 
Distance to rivers L m 11, 1001 
Distance to roads L m 42, 6825 



















Table 2 Reclassification of LULC and assignation of parameters 
               
Parameters 
LULC 









   
































































































































































 Vanacker et al. (2003); 
b
  Bregoli et al. (2015); 
c
 Bathurst et al. (2006); 
d
 GITS-



















• An inventory of about 393 landslides were created for the 2013 Val d’Aran episode. 
• The analysis of the inventory showed a clear influence of LULC on the landslide 
susceptibility. 
• Past observed and future predicted LULC changes were assessed.  
• Landslide susceptibility maps were calculated over a time span of 150 years (1946 – 
2097). 
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